AbstractMountain regions are typically characterized by rugged terrain which is susceptible to different types of landslides during high-intensity precipitation. Landslides account for billions of dollars of damage and many casualties, and are expected to increase in frequency in the future due to a projected increase of precipitation intensity. Early warning systems (EWS) are thought to be a primary tool for related disaster risk reduction and climate change adaptation to extreme climatic events and hydrometeorological hazards, including landslides. EWS are highly complex systems, and it is therefore difficult to understand the effect of the different components and changing conditions on the overall performance, ultimately being expressed as human lives saved or structural damage reduced.
Introduction
Early warning systems (EWS) are important means of risk reduction in the context of natural disasters. EWS have been developed for a number of different hazards including tsunamis, volcanoes, snow avalanches, landslides and others (Zschau and Küppers 2003) . EWS commonly consist of several interlinked components, such as sensors measuring relevant physical parameters, telecommunication equipment, monitoring centers, and organizational structures disseminating publicly understandable information. The awareness and knowledge of people exposed to a hazard are very important for an adequate response to an early warning. Due to their multi-component structure EWS have been recognized as highly complex systems ultimately characterized by a tricky interaction between technical instruments and human behavior (Sorensen 2000; Basher 2006 ). Due to the uncertainties related to different parts of an EWS its systematic evaluation is rather complicated.
We present here an approach to numerically model a landslide EWS that enables us to systematically assess possible impacts of climatically related changes on a EWS performance. Further we focus our analysis on the adaptation capacity of a EWS that depends on possible sensor related modifications and improvements in decision making rules. We developed our model based on a recently implemented landslide EWS in Colombia, which is currently being calibrated and adjusted. Landslides are notorious in Colombia due to the rough topography and tropical rainfall conditions and thus are a major hazard in many regions of the country. The Combeima region, Tolima province, is a particularly exposed area, including several population centers along the valley and the regional capital Ibagué (ca. 0.5 million inhabitants). Hundreds of people have been killed by landslides and debris flows in the past. According to projected precipitation increase due to climate change (Christensen et al. 2007 ) and taking into account that rainfalls are the main trigger of landslides in this area, the situation is likely to worsen in the future. The integrated EWS model described in this paper represents a novel approach and we therefore had to simplify several components of the real EWS and also use simplified climate change scenarios. Nevertheless, it should be able to provide indications on how the EWS in the Combeima region could be improved in the future. Although the model is driven by data from this case study, the model concept is designed sufficiently open for adaptation to other landslide EWS, and results should also have some relevance for a broader context.
EWS in Colombia

Study area
The Combeima river is one of the major drainages of the Nevado del Tolima Volcano, located in central Colombia in the Cordillera Central. The Combeima valley extends from the regional capital Ibagué (~500,000 inhabitants) at 1250 m asl along more than 20 km to about 2500 m asl before it abruptly rises to the summit of Nevado del Tolima at 5200 m asl. Several towns populate the Combeima valley, with a total of about 5500 people (Fig. 1) .
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ISSN: 2185-8322 DOI10.5595/idrim.2011.0019 The area is characterized by very steep topography and dense vegetation. Mean annual rainfall varies between 1500 and 2500 mm. The geology is dominated by the volcanic activity of the area. Two major active volcanoes, Tolima and Machín volcano, are located within distances of 10-20 km and have repeatedly erupted during the Holocene (Thouret et al. 1995) . As a consequence, the soils of the steep slopes of the Combeima valley are often characterized by a high content of ash and other volcanic products, partly with underlying metamorphic rocks. Geotechnical soil parameters are typically characterized by poor slope stability. Steep topography, high rainfall intensities and poor slope stability make the Combeima valley particularly vulnerable to landslides. The landslides typically start as shallow slope failures in the middle and upper reaches of the catchments, and develop into rapid debris flows in the steep gullies. Flow discharge can be extremely high, up to several hundred cubic meters, as field work has shown. Due to the high energy of the landslides, the impact on populated areas in the Combeima valley is violent and highly destructive. In fact, people have suffered from landslide disasters for many decades and several hundred people have been in landslide disasters in the past decades (Godoy et al. 1997) . Most recently, landslide disasters occurred in the Combeima valley in 2006 and 2009, with serious damage and destruction to buildings and infrastructure but fortunately without any casualties (Fig. 2) . At one of the villages, Villa Restrepo, almost exactly the same areas were impacted by the 2006 and 2009 landslides, and as a consequence suffered from a similar level of damage. As a reaction of the high frequency of landslides, some the buildings were abandoned after 2009 event. 
Rainfall records
Rainfall measuring stations are a key component of a landslide EWS. In the Combeima valley, the first rainfall station was installed in the late 1950s. The bulk of stations existing today came into operation in the 1980s. Stations are operated by the Colombian Institute of Hydrology, Meteorology and Environmental Studies (IDEAM) and data are centrally managed in Bogotá. The IDEAM network currently includes ten stations in the Combeima valley (Fig. 1) . The rainfall recording is continuous on daily charts, which can be evaluated to intervals as low as 15 minutes. Based on the IDEAM rainfall data, rainfall intensity-duration curves have been calculated, indicating that for a duration of 60 min the 10-year return period intensity may vary between 40 and 60 mm/h (Huggel et al., 2010) . Between 2007 and 2010, four telemetric stations were installed which can be programmed to transmit measured data when a rainfall increment occurs (i.e. 0.2 mm) or at a fixed time interval. Although the older rainfall gauges in the Combeima had a comparably high density, their use for a landslide EWS was limited because most of the stations are not telemetric (charts data are collected about every month) and thus not providing the necessary real-time data. The historical rainfall data have been used to analyze antecedent rainfall conditions for a number of documented landslides and define warning levels for the EWS (Huggel et al., 
EWS related challenges
The history of landslide events in the Combeima valley entails the necessity of disaster risk reduction. Structural protection measures are often not feasible due to financial restrictions, therefore organizational and preparedness measures including EWS are in the focus of risk reduction strategy in that area.
An appropriate implementation and operation of a landslide EWS is a complex task and only few examples can be found worldwide. A number of physical models were developed that describe the mechanics of material strength, gravitational stress, pore-fluid pressure and external forces (e.g. Iverson et al. 1997; Petley et al. 2005) . A major drawback to apply physical-mechanical models for landslide EWS is the great variability of properties of soil and earth materials and slope conditions that make the prediction of when and where a landslide occurs very difficult. Therefore, empirical relations between rainfall duration or intensity and landslide initiation are typically applied for EWS. These relations need to be established by a record of landslide-triggering rainfall events. Several relations have been presented for different regions worldwide (Glade et al., 2000; Guzzetti et al. 2008 ), but are mostly lacking for Colombia so far (Terlien 1998 ).
The spatial variability of rainfall and incomplete event description induce an uncertainty into the rainfall-landslide triggering threshold. The large variability of antecedent rainfall observed for past landslide events in the Combeima valley makes the definition of warning thresholds difficult. Based on the analysis of more than 50 landslide events, it has been found that the 30-day antecedent rainfall amount could vary between 100 mm and 350 mm (Huggel et al. 2010) . To reduce the uncertainties, the newly installed rainfall stations were equipped with geophones that transmit increasing debris flow activity in the stream channels. Additional information is provided by local observers that timely report potentially landslide-producing situations to the EWS center in Ibagué ( Fig. 1 ) where all available information is analyzed 24 hours a day.
The EWS is only successful if it is also accepted, understood, and used by the local population. Even though the technical side of the EWS is complex, the greatest potential for failure exists if the local population is inadequately prepared for emergencies. Therefore, preparedness and social programs have been carried out in the Combeima region. These studies are, however, beyond the scope of this paper, and will not be discussed here in further detail.
Modeling climate change impacts
A numerical EWS model
Here we shortly present a mathematical model based on stochastic optimization approach developed for the Combeima region (Huggel et al. 2010) . The model is basically mimicking different components of a landslide EWS including rainfall observations with relevant observation errors, triggering thresholds, evacuation rules based on optimization procedures, and ultimately loss calculation. We further use that model for assessment of climate change impacts.
Although there exists a rainfall record from several rain gauges in the Combeima valley (as outlined above), there are a number of limitations regarding complete data series over many years at temporal resolutions better than daily ones. Therefore, instead of local rain gauges we used ERA-40 reanalysis rainfall data (Uppala et al. 2005 ) from a grid cell closest to the Combeima valley (Huggel et al. 2010) . The spatial resolution of the rainfall data is 2.5°, the temporal resolution is 6 hours. In absence of any regional or local threshold available for our study region in Colombia, we used the Caine (Caine 1980) 
whereU denotes a uniform distribution within the specified interval. Knowing details of a particular rainfall measurement system, the suggested simplified measurement error modeling approach can be adjusted by switching to a skewed distribution. Because of the reasonable sensitivity of the model to the rainfall measurement error presented below (see e.g. Figure 6 ), a highly precise modeling of a rainfall measurement error is not a critical issue in our model setup.
We define the loss function in the following form:
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here [] ⋅ Ε denotes the expectation of a random value. We further fix evacuation cost u = 10,000, the total We numerically solve the stochastic optimization problem (6) for all discrete values of RME ε in the interval ] 3 . 0 , 0 [ with a step of 0.05. To find an approximate solution, we produce 10,000 samples of rainfall observations for each of the 6-hours time frames within the whole 10-year period according to (4).
Then for each value of RME ε we calculate the value of the adjustment parameter ) (ε λ λ = delivering minimum expected losses.
Further discussion on model parameters, sensitivity with regard to introduced constants, and EWS performance can be found in (Huggel et al. 2010 ).
Precipitation change scenarios
For central Colombia, including our study area, the IPCC AR4 projects changes in precipitation of about 10-20% and 5-10% for December to February and June to August, respectively, for 2090-95 with reference to 1980-99 (Christensen et al. 2007 ). However, with respect to extreme precipitation events, most recent regional climate model studies are ambiguous for the Cordillera Central of Colombia, indicating the possibility of both, an increasing or decreasing trend for the future (Marengo et al. 2009 ). The uncertainties in the precipitation change projection lead to the necessity for consideration of a full range of possible scenarios, with a variation interval of ±20% of the baseline precipitation.
We run precipitation change scenarios for the future on the ERA-40 reference data. However, a precipitation change represented as a single number only (e.g. +20%) does not support a well defined damage assessment process, since it does not provide any information on a time structure of rainfalls, i.e. change in the magnitude and frequency of heavy precipitation events (those with high intensity over a relatively short time period). To cope with that issue, one may consider constructing scenarios with a special emphasis on heavy rainfalls and using them for analysis together with more simple scenarios where all the rainfall intensities are scaled equally independent of their intensity.
We fix a parameter ∆ and compare two scenarios where (a) all rainfalls are scaled equally by ) 1 ( ∆ + so that the total amount of yearly precipitation remains constant (this will make heavy rainfalls even bigger and small ones even smaller, or will make heavy rainfalls smaller and small ones bigger, depending on the sign of the parameter ∆ ). It turned out that for the considered dataset and triggering threshold scenarios (a) and (b) deliver the same result in terms of the number of landslide occurrences (Fig. 3) and also in terms of expected damage (Fig. 4) for the full range of the scaling parameter
. This outcome is not surprising since in the case study area landslides are triggered by extreme precipitation and both scenarios (a) and (b) do identically modify extreme rainfalls in the initial dataset: a small positive value of ∆ does not transform small rainfalls into big ones in scenario (a); a relatively small negative value of delta does not transform small rainfalls into big ones in scenario (b). Based on this intermediate result we will not further distinguish between scenarios (a) and (b) in the subsequent text. One drawback of the described simplified precipitation modeling approach is that it does not take into account spatial interdependency e.g. a rainfall increase in some areas may lead to decrease of precipitation in neighboring areas due to convective flows caused by a mountainous terrain. This does not however impact the landslide EWS model under consideration, since its dimensionless nature (one site is modeled only).
EWS adaptation potential assessment
The purpose of a EWS is to issue reliable warnings to allow population in the endangered area to be safely evacuated. Therefore, a EWS can prevent injuries and fatalities, yet it is not supposed nor can it in any way prevent damages to buildings and infrastructure caused by a landslide. When considering an adaptation capacity of a EWS to changing climatic conditions and related total loss expectations, for the purposes of measuring a EWS performance, it is necessary to distinguish between losses that can be prevented by a EWS and those that are beyond of its control. Otherwise, big expected change in IDRiM (2011)1(2) ISSN: 2185-8322 DOI10. 5595/idrim.2011.0019 infrastructural damage that is due to increased (or decreased) number of landslides will obscure the damage component being controlled by a EWS. For that reason, all expected losses estimated here (including those presented on Fig. 4 ) include evacuation costs, injuries and fatalities, and exclude damage to buildings and infrastructure. Based on a rainfall dataset reflecting projected precipitation change scenario (different values of ∆ ), the EWS model applies a rainfall intensity-duration threshold (2) to determine landslide occurrence and optimize evacuation threshold utilizing Monte-Carlo simulations for a fixed rainfall measurement error (different values of RME ε ). The optimized evacuation thresholds ultimately translate both varied parameters ∆ and ε into a range of evacuation and damage scenarios derived from local conditions in the Combeima valley. The expected damage caused by landslides for different projected precipitation change levels ∆ relative to a baseline ( 0 = ∆ ) is presented on Fig. 4 .
To get a better insight into the system, we divide the entire adaptation capacity of a EWS into internal and external adaptation capacities. The former is about changing internal rules e.g. conditions for issuance of an evacuation order, the latter is about changing the key characteristics of the EWS e.g. improving spatio-temporal resolution of rainfall measurements.
Internal and external adaptation capacities of a landslide EWS for our case study in Colombia are illustrated in Fig. 5 and Fig. 6 respectively. Note that negative values of ∆ represent precipitation reduction and lead to smaller number of landslides and consequently reduction of losses e.g. zero expected losses for ∆ =-0.2 (Fig. 6) . When the rainfall measurement error (RME) is fixed, only evacuation threshold is being adjusted to respond to a changed precipitation. The sensitivity of the EWS efficiency to that threshold adjustment is shown in Fig. 5 . Here one may see relative loss reduction of EWS and a L are those for adjusted EWS. The relative loss reduction is in fact moderate to fairly significant (10%-25%) for a combination of moderate precipitation change ( ∆ =0.05 or ∆ =0.1) and high precision EWS (RME<0.15). For a less precise EWS (RME>0.2) the efficiency gain due to adjusted evacuation threshold becomes negligible and comparable to the graph fluctuations of about 5% that are due to Monte-Carlo simulation assessment errors of the model. The efficiency gain is also very small (about 5%) for an extreme precipitation increase of ∆ =0.2, indicating nearly no EWS internal capacity in that case independent of how precise the EWS is (all values of RME). We explore the influence of the rainfall measurement error (RME) on a EWS that was preliminary adjusted in terms of evacuation threshold for a fixed value of ∆ . The results are presented on Fig. 6 .
Exploring it one may notice the high importance of RME improvement for EWS adaptation purposes.
When going from RME=0.3 and ∆ =0 (baseline) to a combination of extreme precipitation change scenario of ∆ =0.2 and substantially improved LS EWS with a RME=0.05, the EWS efficiency is even slightly increased (expected loss decreased). The RME improvement (that corresponds to external adaptation capacity) seems to have a bigger potential for adapting a EWS as compared to evacuation threshold adjustment only. Looking at Fig. 6 one may see that relative loss reduction of RME-improved EWS over initial EWS even for an extreme precipitation increase ( ∆ =0.2) may well be around (2.7-1.1)/2.7 ≈ 60% (for RME=0.3 and 0.05) that is substantially bigger than the same relative values for only threshold adjustment, see Fig. 5 .
Discussion and model limitations
The projection of future changes in landslide activity driven by climate change is uncertain. The few existing hydrological and slope stability modeling studies indicate a strong influence of local site conditions, resulting in scenarios of both, increase or decrease of landslide activity. Most climate models, however, indicate an increase of frequency and/or magnitude of extreme precipitation and temperature events during the 21st century (Kharin et al., 2007; Kyselỳ and Beranová, 2009) . Depending on the magnitude of this increase, and other climatically or anthropogenically driven changes, an increase in landslide activity may be projected (Jakob and Lambert, 2009 ). Figure 6 .Indication of an external adaptation capacity of a EWS. Here external adaptation capacity refers to rainfall measurement error (RME) improvement.
From a theoretical point of view, an increase in extreme rainfall events is likely to increase the occurrence of shallow landslides and debris flows under otherwise unchanged conditions. However, although extreme precipitation events have increased in many regions of the world over the past decades, significant, let alone systematic, changes to landslide magnitude-frequency distributions remain to be detected. Reasons for this include incomplete or biased documentation of events that limit extraction of climatic signals because of the overprint of effects from recent changes in land-use or land-management (e.g. deforestation).
It is necessary to mention that there are a number of limitations pertinent to the described modeling approach and analysis of a EWS adaptation capacity. Some of the limitations are connected to the simplified way of modeling a EWS, the others are due to the lack of statistical data. A detailed discussion on that can be found in (Huggel et al. 2010) . The approach based on stochastic optimization with application to variable rainfall measurement errors and relevant evacuation thresholds implemented in our model has barely been applied to landslide problems so far. It links measured environmental parameters such as rainfall with landslide consequences and damage in one integrated model. The numerical EWS model has clear limitations but also significant potential that may lead well beyond what we have presented here.
Another set of limitations stems from the modeling of projected climate change. Increased precipitation most likely will result in an increased number of landslides. Yet the assumption of a stationary system in terms of a constant triggering threshold is probably not correct beyond certain level of climate change that may also involve vegetation change and related effects on slopes stability. Another related difficulty for a landslide EWS are non-landslide triggering rainfall events whose intensity-duration relation exceeds the threshold and thus would require issuing an alarm. Recent studies using different rainfall thresholds with respective exceedance probabilities are an important progress but do not fully address the problem of non-landslide rainfall events (Brunetti et al. 2010) . Soil mechanics models, on the other hand, are not expected to significantly reduce these uncertainties for a EWS, given the high spatial variability of soil and rainfall conditions.
One of the principal limitations of any EWS is that beyond some critical risk threshold it is not efficient anymore and other measures need to be implemented do adequately address changed risk levels. Depending on available local or natural resources for risk reduction, structural measures (e.g. dams) and/or relocation of endangered assets, including population, may be alternative or complementary options to a EWS. Eventually, a model limitation arises from not explicitly considering human response within the landslide EWS. For instance, the willingness of the local population to evacuate might decrease with repeated false alarms (Dash and Gladwin 2007) . Communication of the early warning procedures and uncertainties to people are crucial (Dow and Cutter 1998) , but in general more research is needed to reasonably implement such aspects in a numerical model. Experiences with the recently implemented EWS in the Combeima region in Colombia show that the degree of information and knowledge on the EWS by local people are crucial for the success of the system. Population only accepts and supports the system, and takes according action if they understand why the EWS is helpful for them and if they perceive it as a useful tool to reduce risks. Discussion with and training for different social groups of the population are therefore an important part of the EWS in the Combeima region.
Conclusion
Colombia is one of the particularly badly affected countries due to predominantly rugged terrain and tropical rainfall conditions. In many areas landslide hazard zones overlap with residential zones and infrastructure. EWS are therefore important to reduce landslide risks, and in particular avoid casualties. Changing rainfall patterns may, however, pose an additional challenge to landslide EWS. Our studies indicate that for a climate change unadjusted EWS damage costs may in fact rise considerably with higher rainfall in the future. There seems to be a higher adaptation potential in terms of improving the rainfall observations than internally adjusting evacuation procedures (such as adjusting evacuation thresholds). Given the current limitation in physical understanding of landslide triggering processes and related uncertainties in predicting landslide occurrence, improved rainfall monitoring (and more generally: environmental monitoring) can be considered an important part of the adaptation strategy for future climate change.
